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Abstract Catchment-scale water quality models are increasingly popular tools for exploring the potential
effects of land management, land use change and climate change on water quality. However, the dynamic,
catchment-scale nutrient models in common usage are complex, with many uncertain parameters requiring
calibration, limiting their usability and robustness. A key question is whether this complexity is justified. To
explore this, we developed a parsimonious phosphorus model, SimplyP, incorporating a rainfall-runoff
model and a biogeochemical model able to simulate daily streamflow, suspended sediment, and particulate
and dissolved phosphorus dynamics. The model’s complexity was compared to one popular nutrient model,
INCA-P, and the performance of the two models was compared in a small rural catchment in northeast Scot-
land. For three land use classes, less than six SimplyP parameters must be determined through calibration,
the rest may be based on measurements, while INCA-P has around 40 unmeasurable parameters. Despite
substantially simpler process-representation, SimplyP performed comparably to INCA-P in both calibration
and validation and produced similar long-term projections in response to changes in land management.
Results support the hypothesis that INCA-P is overly complex for the study catchment. We hope our findings
will help prompt wider model comparison exercises, as well as debate among the water quality modeling
community as to whether today’s models are fit for purpose. Simpler models such as SimplyP have the
potential to be useful management and research tools, building blocks for future model development (pro-
totype code is freely available), or benchmarks against which more complex models could be evaluated.
Plain Language Summary Catchment models may be useful tools for managing water quality, for
example for exploring how water quality may change in the future under different land management, land
use or climate. However, models are only useful if they capture the right processes, otherwise there is a risk
of management decisions being based on unreliable information. There is now a growing awareness that
many catchment water quality models used today are too complex. This makes it difficult, time-consuming
and expensive to set models up, and reduces the reliability of their predictions. We have therefore devel-
oped a new, simple model to predict phosphorus concentrations in rivers, one of the biggest causes of trou-
blesome algal blooms in fresh waters. The simple model was compared with one of the standard models in
common use and was found to perform as well, despite being substantially simpler to set up and use. This
supports the idea that current water quality models are too complex, and that modelers need to put more
effort into assessing whether they are using appropriate tools.
1. Introduction
Dynamic, process-based catchment models are designed to represent the processes governing catchment
hydrology and water quality, and may therefore be useful tools for catchment management. Models can be
used, for example, to interpolate sparse monitoring data, to highlight knowledge and data gaps and help
design monitoring strategies, as well as to provide evidence to support decision making. Integrated catch-
ment models are increasingly called upon, for example, to explore potential future water quality under sce-
narios of changing management, land use, and climate, often as part of wider integrated modeling
frameworks [Jakeman and Letcher, 2003; Martin-Ortega et al., 2015]. As a result, many catchment-scale nutri-
ent and sediment models have been developed during the last few decades.
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In a recent review, Wellen et al. [2015] found that the majority of recent nutrient modeling studies used just
five models: SWAT [Arnold and Fohrer, 2005; Arnold et al., 1998], INCA [Wade et al., 2002a, 2002b; Whitehead
et al., 1998], AnnAGNPS [Binger and Theurer, 2005; Young et al., 1989], HSPF [Bicknell et al., 2001; Donigian
et al., 1995], and HBV, now superseded by HYPE [Lindstr€om et al., 2010]. These models are semidistributed,
mass balance models, which simulate the daily dynamics of nutrient transport in catchments. Although the
models differ in their structures, each requires on the order of >50 to 100s of user-supplied parameters for
hydrology, sediment, and phosphorus (P) simulations to be performed. Many of these cannot be measured
directly and are highly uncertain, and their values must therefore be determined by calibrating the model
to observations. In most catchments, calibration is carried out using end-of-pipe measurements of dis-
charge and water chemistry, the latter often only sampled infrequently. Previous analyses have suggested
that there is only enough information in discharge data to constrain a small number (<6) of hydrology
model parameters during calibration [Jakeman and Hornberger, 1993], and it seems unlikely that in-stream
concentration data will provide enough additional information for tens or even hundreds of additional
parameters to be constrained [Kirchner, 2006]. Overall, there is a growing awareness that, given data and
process knowledge limitations, current catchment water quality models are overly complex and there is a
need for more parsimonious models that capture the dominant modes of behavior at the scale of interest
[Jackson-Blake and Starrfelt, 2015; Jakeman et al., 2006; Kirchner, 2006; Krueger et al., 2007; Radcliffe et al.,
2009]. Examples of some of the new simpler dynamic nutrient models being developed include the
Rainfall-Runoff Phosphorus model [Hahn et al., 2013; Van Meter and Basu, 2015], which focuses on identify-
ing critical source areas and simulating discharge and soluble reactive phosphorus (SRP) concentration in
grassland catchments, and an analytical model for quantifying time lags between implementing measures
and seeing reductions in surface water nitrate concentrations [Van Meter and Basu, 2015]. These models are
relatively limited in their aims and scope, and there is a need to assess to what extent the aims of more
complex models like INCA and SWAT, which attempt to simulate a wider range of nutrient species and pro-
cesses, could be achieved using simpler modeling approaches.
There are sound theoretical reasons for why simpler models should be chosen over more complex ones
(see for example MacKay [2003], chapter 28). With over-parameterized models, different parameter sets will
give almost identical fits to the calibration data [e.g., Beven and Binley, 1992], and yet may yield very differ-
ent predictions of how the system will behave as conditions change, and can therefore perform poorly in
validation [Seibert, 2003]. Model complexity often therefore turns out to be unjustified in practice [e.g., Perrin
et al., 2001]. There are related practical reasons for choosing simpler models. First, over-complexity leads to
difficulties in using the model to test hypotheses about the dominant processes operating within a catch-
ment, as the real processes may be masked by too much flexibility introduced by unnecessary parameters
[Jakeman et al., 2006; Kirchner, 2006]. Second, large parameter spaces lead to difficulties in model calibration
because of parameter non-identifiability, whether due to structural or practical non-identifiability (as
defined in Raue et al. [2009]). There are then related problems with autocalibration, sensitivity, and uncer-
tainty analyses, as the parameter space increases exponentially with the number of parameters, eventually
becoming too large to be searched within realistic time frames. Uncertainty analyses are becoming a pre-
requisite for model applications, yet as only subsets of the parameter space of more complex models can
be searched, these analyses become somewhat subjective and incomplete [Jackson-Blake and Starrfelt,
2015; Pappenberger et al., 2007], and the meaningfulness of estimated uncertainty intervals is often ques-
tionable. Finally, as models become more complex they become more time-consuming to set up and
require larger calibration and evaluation data sets, increasing the financial burden associated with model
applications and limiting the size of the user group. Ultimately, over-complexity therefore reduces a model’s
usefulness for supporting research and real world decision-making.
Simplicity should not be a goal in itself—the ultimate test of a model is how well it can simulate the system
of interest, usually assessed through validation. The relative performance of different model structures in
validation depends to some extent on data availability—more detailed data permit more rigorous testing,
potentially allowing identification of more complex model structures. However, in applications where the
data available for calibration and validation are ‘‘sparse’’ (usually the case for catchment simulations, even in
well-studied catchments), simpler models may be expected to perform just as well as complex ones.
The hypothesis driving this study is therefore that the most popular catchment-scale dynamic water quality
models are unnecessarily complex. Testing this hypothesis will require a concerted effort from many
Water Resources Research 10.1002/2016WR020132
JACKSON-BLAKE ET AL. OVER-COMPLEXITY IN WATER QUALITY MODELS 5383
modeling groups, with comparative studies of a range of different model structures in a wide variety of
catchments. In this study, we begin this model evaluation process with the comparison of one popular and
representative water quality model, INCA-P, and a newly developed parsimonious catchment phosphorus
model, SimplyP. The comparison is carried out in a rural Scottish catchment which contains the majority of
land uses and P-related processes found in temperate rural regions, so results are likely to be applicable
more widely. Our hypothesis is that INCA-P is overly complex for the catchment, in which case we would
expect similar model performance skill metrics for INCA-P and SimplyP.
2. Study Area
Model applications were carried out in the Tarland Burn catchment, upstream of the James Hutton Institute
monitoring point at Coull (51 km2). The Tarland is a rural subcatchment of the River Dee in northeast Scot-
land. Land use is a mixture of agriculture (primarily spring barley, improved grassland and rough grazing),
upland heath and forestry. Humus iron podzols and brown forest soils tend to be associated with agricul-
tural land, with peaty podzols under seminatural land on the hills fringing the catchment. The main settle-
ment is the village of Tarland, which has a small wastewater treatment works (around 600 people); septic
tanks serve the remainder of the catchment (several hundred people). Water quality is of concern, primarily
due to inputs of nutrients and sediments from agriculture. The Tarland Burn is the most upstream tributary
of the ecologically sensitive River Dee to have impaired water quality, and works have therefore been
underway during the last decade to reduce sediment and nutrient inputs to the water course [Bergfur et al.,
2012]. During the 2000–2010 period, the catchment had a mean annual rainfall of 966 mm, a mean annual
runoff of 451 mm yr21, and median total dissolved P (TDP) and total P (TP) concentrations of 25 and 40 mg
L21, respectively.
3. Modeling Approach
3.1. INCA-P
INCA-P is a process-based, semidistributed catchment model for simulating the daily transport of sediment,
dissolved, and particulate P from catchments to streams, as well as subsequent in-stream transport and
processing. It is similar to other popular water quality models in terms of its structure and the number of
processes and parameters it includes, and is therefore representative of the current dynamic phosphorus
models in popular usage. During the last decade, INCA-P has been applied to a variety of catchments
throughout Europe [e.g., Couture et al., 2014; Martin-Ortega et al., 2015; Wade et al., 2007; Whitehead et al.,
2013], Canada [e.g., Crossman et al., 2013], and India [Jin et al., 2015], to explore how P dynamics may
respond to changes in land management and climate. The model was originally developed in the early
2000s [Wade et al., 2002b] and has since undergone several phases of redevelopment. The most recent
model description is given in Jackson-Blake et al. [2016], and only a brief description is given here. In this
study, we used INCA-P version 1.4.4.
INCA-P requires input time series of air temperature, precipitation, hydrologically effective rainfall (HER; the
water from precipitation and snowmelt which contributes to runoff), and soil moisture deficit (SMD, the dif-
ference between the soil moisture content and field capacity). HER and SMD are derived from an external
hydrology model.
Within INCA-P, water is delivered to the water course via three flow paths: quick flow, which accounts for
overland flow and other rapid flow pathways, soil water flow and groundwater flow. Quick flow is generated
through infiltration and saturation excess overland flow, soil water flow is generated by HER, and ground-
water flow is derived from soil water flow via percolation. All flows transport dissolved P (as TDP), while sed-
iment and particulate P (PP) are only transported via quick flow. Within the terrestrial compartment, P is
present in the soil as solid labile or inactive soil P, or as dissolved P in soil water. Within the soil water and
groundwater, TDP concentrations are controlled by sorption equilibria. Terrestrial P inputs include solid and
liquid fertilizer, manure, and atmospheric deposition; the major terrestrial sinks are plant uptake and
adsorption. The rates of plant uptake, weathering, and immobilization are dependent on temperature, while
plant uptake is also dependent on soil moisture and season. Sediment delivery to the stream uses equations
from INCA-sed [Jarritt and Lawrence, 2007; Lazar et al., 2010], including process representations for splash
detachment, flow erosion, and the transport capacity of quick flow. PP is associated with sediment, and
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therefore affected by the same processes. In-stream, the model includes effluent inputs, water abstractions,
sediment settling and resuspension, bank erosion, P sorption reactions in the water column and in the
streambed and biological uptake of P from the water column and the streambed. To simulate biological
uptake, the model also simulates the dynamics of epiphyte and macrophyte biomass within stream
reaches.
The rate of change in volume or mass of model state variables with respect to time is described by a series
of ordinary differential equations (ODEs), solved within each time step using an adaptive fourth-order
Runge-Kutte-Merson method.
3.2. SimplyP
A new simple hydrology, sediment, and phosphorus model, SimplyP, was developed for comparison to
INCA-P. A full description of SimplyP model structure, equations, numerical methods and priorities for future
model development is given in the supporting information Text S1, and only a brief description is provided
below.
A full description of model aims and scope is given in supporting information section 3.1. Briefly, the devel-
opment of SimplyP was motivated by results of several studies evaluating INCA-P [Jackson-Blake et al., 2015;
Jackson-Blake and Starrfelt, 2015; Jackson-Blake et al., 2016]. These provided recommendations for model
improvements, some of which were incorporated into INCA-P (version 1.4 onward). However, one of the
main recommendations was for model simplification. While a certain amount of simplification can be
achieved through parameterization, this requires a high level of familiarity with the model, is time-
consuming and prone to errors, and there are limits to the amount of simplification that can be achieved.
The aim here was therefore to carry out a more substantial process of simplification, while maintaining suffi-
cient complexity for the model to be useful in hypothesis and scenario testing. SimplyP retains a number of
similarities with INCA-P (section 4.1). Other areas of the model were inspired by experiences in applying
INCA-P, by assumptions used in other water quality models, or by well-established process understanding.
A particular design aim was for the process representation to be simple enough to allow parameter values
to be constrained using available data, by both keeping the number of parameters requiring calibration to
a minimum, and aiming for as many parameters as possible to be in principle measurable.
Like INCA-P and other popular mechanistic water quality models, SimplyP is dynamic with a daily time step
and is spatially semidistributed, so the catchment may be split into subcatchments and associated reaches.
The model is run for each subcatchment in turn, and outputs from each reach are fed into the main stem
sequentially down-stream. Land may be further subdivided based on simple ‘‘land classes’’: for dissolved P
processes, two classes are considered, a ‘‘high P’’ and a ‘‘low P’’ class. Land within a given class should have
a similar gross annual P balance, soil P content and hydrological characteristics; in a typical rural catchment
the high P class could include fertilized grassland and arable land, with everything else assigned to the low
P class. For sediment and particulate P processes, the high P class may be subdivided to account for differ-
ences in erodibility (for example into improved grassland versus arable land). Finally, if arable land is pre-
sent, the proportion of spring versus autumn-sown crops may be taken into account, along with the
variation in soil erodibility through time. For convenience, there is also the possibility of a ‘‘newly converted’’
land class, to take into account legacy soil P when agricultural land becomes disused, or the lack of legacy
soil P in new agricultural land (see supporting information section 3.2).
A full description of SimplyP model processes is given in supporting information section 4. In brief, the fol-
lowing sets of processes are included: snow accumulation and melt (supporting information section 4.1.1);
rainfall-runoff (supporting information section 4.1.2); in-stream hydrology (supporting information section
4.1.3); sediment delivery to the watercourse and in-stream transport (supporting information section 4.2);
and terrestrial and in-stream P processes (supporting information section 4.3). A summary of the main
stores and fluxes of water, sediment and P is provided in Figure 1. Three terrestrial flow paths are taken into
account: (1) quick flow, to simulate inputs to the watercourse during larger rainfall events and when soils
are dry and little soil water flow occurs. This was simply calculated by assuming quick flow is proportional
to incoming precipitation and is routed instantaneously to the stream; (2) soil water flow, responsible for
TDP leaching from soils and groundwater recharge. Inputs to the soil water are from rainfall and snowmelt;
outputs are through evapotranspiration and soil water flow, and soil water flow is assumed to only occur
once the soil water content is above field capacity; (3) groundwater flow, important for controlling base
Water Resources Research 10.1002/2016WR020132
JACKSON-BLAKE ET AL. OVER-COMPLEXITY IN WATER QUALITY MODELS 5385
flow TDP concentrations. Groundwater recharge occurs through percolation from the soil water. In-stream
reach volume and discharge are then estimated.
Sediment processes are represented in a highly simplified manner (see supporting information section 4.2
for details). Briefly, in-stream suspended sediment (SS) concentration has long been known to be well-
explained by a simple power law with in-stream discharge [Bagnold, 1966], as:
SS 5 EsusQr
k (1)
where Qr is in-stream discharge and Esus and k are constants [Colby, 1956]. This simple power law is taken as
the basis for predicting the combined sediment inputs to the stream reach from both the land phase and
in-stream entrainment. The Esus parameter is divided into a calibrated scaling factor and a number of factors
which are known to affect terrestrial sediment delivery and in-stream entrainment rates, such as subcatch-
ment and channel slope and land cover. The land cover factor may be varied throughout the year to take
into account periods of higher soil erodibility [Watson and Evans, 2007].
P is represented in the soil in three forms: TDP in the soil water, labile soil P, and inactive soil P. The masses
of dissolved and labile soil P change through time, while the mass of inactive soil P is constant. Labile soil
P and TDP are assumed to be in equilibrium, related via a linear relationship [McCray et al., 2005]. A num-
ber of assumptions are made to help parameterize this relationship; for example it is assumed that the
inactive soil P content is the same in the high and low P classes, and that the low P class does not contain
labile soil P and has soil water TDP concentrations around zero. The difference in total soil P content
between the two classes is therefore all potentially labile P in the high P class, built up during fertilizer and
manure additions (for a discussion of the issues relating to incorporating agronomic soil test P measure-
ments into the model, see supporting information section 4.3.1e). Initial soil water TDP concentration is cal-
ibrated within plausible ranges and used to calculate a gradient for the labile P versus TDP relationship,
which can then be used to relate soil labile P and TDP concentration outside the calibration period (see
supporting information section 4.3.1). Fertilizer, manure and plant uptake fluxes are grouped together into
a single gross annual P balance parameter, which is then evenly applied or subtracted over the course of
the year. This representation of soil P processes is highly simplified. In reality, soil P is present in a contin-
uum of interlinked states of varying extractability, and hysteresis effects are common in P transfers
between states. However, the understanding of how detailed soil chemical processes upscale to the
catchment-scale is arguably not yet advanced enough to be usefully incorporated into a catchment-scale
model.
Quick flow TDP concentration is assumed to be the same as soil water TDP concentration. Groundwater
TDP concentration is set as a constant, given generally high P sorption capacities in and below mineral soil
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Figure 1. Schematic of the main stores, processes, and pathways included in the model. White boxes show the state variables whose vol-
ume (water) or mass (sediment, P species) is tracked. Variables within small gray boxes are implicitly included in the model, but are not
tracked. Arrows show fluxes within and between compartments. P: phosphorus, SS: suspended sediment, TDP: total dissolved P, PP: partic-
ulate P, ET: evapotranspiration.
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horizons. TDP is then transported to the reach via all three terrestrial flow pathways, while PP dynamics are
linked to SS dynamics, taking into account enrichment of PP relative to parent material due to the selective
transport of finer-grained, more P-rich material [Sharpley, 1980]. Incidental P losses, potentially large P fluxes
washed into watercourses when rainfall events coincide with fresh fertilizer and manure applications, are
not yet included, due to difficulties in capturing the high spatial and temporal variability of these events
and the relatively detailed management knowledge required.
In-stream, the model only includes the dilution of diffuse and point source P inputs and down-stream trans-
port. This simple formulation assumes that in-stream processing is in a state of dynamic equilibrium, such
that in-stream sinks and sources are balanced. While there is insufficient data to suggest otherwise in the
study catchment, it would be straightforward to add a simple retention or loss factor to the model for catch-
ments where in-stream retention is thought to be important, informed, for example, by results of large-
scale empirical studies [e.g., Alexander et al., 2004].
The rate of change in volume or mass of model state variables with respect to time is described by a series
of ODEs. To reduce errors introduced by numerical approximations, model ODEs were formulated as contin-
uous functions, avoiding thresholds, and were solved within each time step using the LSODA solver [Hind-
marsh, 1983] (see supporting information section 4.5).
SimplyP requires input time series of daily precipitation, air temperature, and potential evapotranspiration
(PET). Model outputs include time series of daily fluxes and flow-weighted daily mean concentrations of
TDP, PP and SS, and daily mean flow. The state of the internal stores may also be output (e.g., snow depth,
volumes and flows from the two water stores, and P masses in the different stores).
SimplyP v1.0 model code is open source and freely available for download (https://github.com/LeahJB/Sim-
plyP). See supporting information section 2 for details and instructions.
3.3. Data for Model Calibration and Testing
Data from the catchment outflow from 2000 to 2010 were used for model calibration and testing. Weekly
chemistry sampling took place between 2000 and the end of 2003, with some daily sampling during rainfall
events. Daily samples were collected between February 2004 and June 2005, providing 15 months of daily
data. After June 2005, infrequent irregular sampling continued for the rest of the period. Measured parame-
ters included SS, TDP and soluble reactive P (SRP) concentrations; daily 2004–2005 samples were also ana-
lyzed for total P (TP), allowing PP to be calculated (as TP-TDP). Daily discharge data is also available (daily
means calculated from 15 min data). For further details of monitoring and analytical methods, see Stutter
et al. [2008].
A comprehensive set of additional data were compiled to help parameterize both models, including land
use data, estimates of sewage effluent inputs from septic tanks and the sewage treatment works, soil solu-
tion and groundwater TDP concentrations, and soils data, including soil total P content and bulk density.
See Jackson-Blake et al. [2015] for a full description of these data.
3.4. Model Setups in the Study Catchment
The INCA-P application used in this study is described in Jackson-Blake et al. [2016]. Briefly, the catchment
was split into four reaches and associated subcatchments (Figure 2). Four parameters were varied by reach:
reach width and slope, initial bed sediment silt mass and effluent inputs. Three land classes were consid-
ered: arable, improved grassland and seminatural, although when calculating fertilizer and manure inputs
to agricultural land, area-weighted inputs from a finer-representation of the land use were used. Seminatu-
ral land incorporated rough grazing, heather moorland, and deciduous and coniferous woodland. For more
details, including percent land use per subcatchment, see Jackson-Blake et al. [2016].
For SimplyP, the catchment was considered as a single unit, rather than being separated into subcatch-
ments and reaches. Only one partially unconstrained SimplyP parameter may vary by reach, the effluent
input, and for this first test of the model sewage effluent inputs from the sewage treatment works and sep-
tic tanks were summed and added at the top of the single simulated reach. The catchment area was then
grouped similarly to the INCA-P setup: the high P class (50% of the catchment area) included arable land
(20%) and improved grassland (30%). Upland heath, forestry, and rough grazing were grouped into the low
P class as seminatural land (50%).
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Input data to drive both
models included air temper-
ature and precipitation,
derived from the UK Met
Office 5 km gridded data
set, and PET, estimated
using the FAO56 Penman
Monteith method [Allen
et al., 1998]. HER and SMD
time series for INCA-P were
calculated using a water
balance model (described
in Jackson-Blake et al. [2015]),
which in turn required inputs
of daily precipitation and
PET. This water balance
model has eight parameters,
the majority based on soil
properties.
3.5. Model Calibration and Validation and Scenario Analysis
Ideally, a single autocalibration procedure would be used to calibrate both INCA-P and SimplyP, rather
than relying on manual calibration which could introduce modeler bias. However, the complexity of
INCA-P means that full autocalibration of all uncertain parameters is not possible—the parameter
space is too large to be explored within reasonable time scales [e.g., Jackson-Blake and Starrfelt, 2015],
and the choice of which subset of parameters to include in the analysis is subjective. Autocalibration
often does not lead to improved model performance compared to manual calibration [Boyle et al.,
2000], particularly for dynamic variables such as phosphorus—previous autocalibration of INCA-P in
the study catchment resulted in less realistic simulated TDP dynamics than manual calibration [Jack-
son-Blake and Starrfelt, 2015]. For this study, both models were therefore calibrated manually. The
INCA-P calibration does however represent what we feel is the best possible setup for the Tarland
catchment: much time has been spent calibrating INCA-P in the study catchment, initially through
manual calibration and an investigation of different model structures [Jackson-Blake et al., 2015], then
through autocalibration using a sophisticated MCMC algorithm [Jackson-Blake and Starrfelt, 2015], and
finally through manual calibration informed by the results of previous calibrations [Jackson-Blake et al.,
2016]. By contrast, the SimplyP calibration was done within a few hours, and therefore represents a
first test of the model’s potential.
The calibration period was 2004–2005, encompassing the 15 months when daily discharge and surface
water chemistry data are available. Daily discharge and sparser water chemistry data for the period 2000–
2010 (excluding 2004–2005) were then used for model validation.
Manual calibration was done in a stepwise manner: hydrology-related parameters were adjusted until an
acceptable discharge calibration was obtained, then sediment-related parameters and finally P-related
parameters, with several iterations. Additional data taken into account in calibration included one-off meas-
urements of soil solution TDP concentrations from agricultural soils in the catchment. Model performance
was evaluated using the procedure recommended in Jackson-Blake et al. [2015], using a combination of: (1)
visual assessment of time series, (2) comparison of distributions of observed and simulated data using
quantile-quantile (QQ) plots, and (3) model performance statistics, including Spearman’s Rank correlation
coefficient and model bias. Nash Sutcliffe efficiency (NS) and NS on logged data were used to assess the dis-
charge simulation. NS was not used for water chemistry parameters as previous work has shown it to be
poor at discriminating between realistic and unrealistic P simulations [Jackson-Blake et al., 2015]. In addition,
the INCA-P calibration included checking for plausible changes in masses of soil P and streambed sediment
and PP during the model run.
Figure 2. The Tarland catchment, with simplified land use, the location of sewage treat-
ment effluent inputs and monitoring points, and the subcatchments used in the INCA-P
application. Eastings and northings (km) are relative to the British National Grid.
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For both models, the calibration procedure also involved adjusting the initial soil P store so that simulated
agricultural soil water TDP concentration changed at an appropriate rate over longer model runs: long-term
monitoring experiments suggest that, in the absence of fertilizer inputs, soil P in agricultural land should
drop to near seminatural values with a half-life of 7–9 years [McCollum, 1991; Syers et al., 2008], so, within
around 35 years in the study catchment. In INCA-P, this involved adjusting the soil depth parameter. In Sim-
plyP, the soil areal mass parameter was adjusted (combining soil depth and bulk density; Table 1. Soil
depths in the range 7–10 cm were obtained, 14–20 cm taking soil porosity into account. This is plausible,
given that soil P decreases with depth and is highest in the top 20 cm in agricultural soils [Syers et al., 2008].
Calibrated parameter values for SimplyP are given in Table 1.
Table 1. SimplyP Model Parameters, Including Default Values, Recommended Ranges and Possible Data Sourcesa
Type Parametersb Units Description Spatialc Tarland Default Min Max Data Sources
Snow Dsnow,0 mm Initial snow depth 0 0 0 10,000 Meteorological records
fDDSM mm dd8C
21 Degree-day factor for snow melt 2.74 2.74 1.6 6 Literature, e.g., U.S. Department of
Agriculture (USDA) [2004]
Hydrology *Ts days Soil water time constant LU (A, S) A: 2 A: 1 >0 30 Calibration
S: 10 S: 10
fquick None Proportion of precipitation routed to
quick flow
0.02 0.02 0 0.2 Calibration
alpha None PET reduction factor 1 1 0.4 1.2 Literature, e.g., Allen et al. [1998]
*FC mm Soil field capacity 290 300 100 400 Soils database, or from soil texture using
conversion charts (e.g., Supporting
Information Appendix,
Figure 1)
*beta None Base flow index 0.70 0.60 0 1 Local or global databases [e.g., Beck
et al., 2013]
*Tg days Base flow recession constant 65 65 >0 100 May be estimated from Q data using
methods of Van Dijk [2010]; see Beck
et al. [2013] for a global analysis
Qg,min mm d
21 Minimum groundwater flow 0.4 0.0 0 2 Calibration
a m22 Gradient of stream velocity-Q
relationship
0.5 0.5 0.1 0.8 Empirically derived from paired velocity
and Q measurements (e.g., from flow
gauging)
Qr0_init m
3 s21 Initial in-stream Q, top reach 1.0 1.0 > 0 N/A Q observations
Sediment Ccover None Vegetation cover factor (ratio
of erosion rates under the
land class versus bare soil)
LU (Ar, IG, S) A: 0.2 A: 0.2 0 1 (R)USLE literature, e.g., Panagos et al.
[2015]S: 0.021 S: 0.021
IG: 0.09 IG: 0.09
*EM kg mm
21 Sediment input scaling factor 1500 1500 0 5000 Calibration
*kM None Sediment input nonlinear coefficient 2.0 2.0 1.2 3 Empirical relationship between Q and SS
observations or literature [e.g.,
Asselman, 2000]
dmaxE,spr None Julian day with max erodibility;
spring-sown crops
60 60 1 365 Local agronomic practices
dmaxE,aut None Julian day with max erodibility,
autumn-sown crops
304 304 1 365 Local agronomic practices
Dissolved P *PsoilConc mg kg
21 Initial total soil P content LU (A, S) A: 1458
S: 873
A: 1458
S: 873
0–400 >3000 Soils database. Estimate from soil test P
data using an empirical relationship
*PnetInput kg ha
21 yr21 Net annual P input to the soil (negative if
uptake> input); S fixed at 0
LU (A) 10 10 230 30 Fertilizer and manure application
surveys, literature for P uptake,
national P balance inventories
(see e.g., Eurostat, [2013] for EU
countries)
*EPC0,init mg L
21 Initial soil water TDP concentration on
agricultural land
LU (A) 0.1 0.1 0 2 Direct measurements, literature
*Msoil,m2 kg m
22 Soil areal mass, important in determining
the initial soil labile P mass
95 100 >0 800 Soils data (bulk density and depth of P-
rich soil)
*TDPeff kg d
21 Reach effluent TDP inputs SC/R 0.1 0 0 N/A Water company/environment protection
agency data
*TDPg mg L
21 Groundwater TDP concentration 0.02 0 0 2 Direct measurements or literature
PP *EPP None PP enrichment factor 1.6 1 1 6 Direct measurements or literature [e.g.,
Sharpley, 1980]
aQ is discharge.
bParameters likely to be key in most settings are marked with an asterisk. Many of those without an asterisk are optional.
cDescribes whether the parameter varies spatially by land use (LU), and in which case by which LU type (A: agricultural, S: seminatural, Ar: arable, IG: improved grassland), or by sub-
catchment/reach (SC/R).
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Several sensitivity tests were then carried out with SimplyP to test the model’s ability to explore future sce-
narios of change. The model was run for a 30 year period with a number of reductions in net P inputs rela-
tive to the 2000–2010 baseline, corresponding to reductions in fertilizer and manure applications of 25%,
50%, and 100%. Agricultural land in the catchment has an estimated P balance (inputs from fertilizer and
manure minus outputs via harvesting) of around 10 kg ha21 yr21 [Messiga et al., 2010] and fertilizer and
manure inputs are estimated at around 24 kg ha21 yr21. The 25% and 50% reduction scenarios are there-
fore economically feasible, corresponding to annual P balances of around 4 and 22 kg ha21 yr21, which
should have little impact on crop yields for a number of years. The 100% reduction scenario is included as a
sensitivity test. Results were compared to previous results for the same set of scenarios derived using INCA-P
[Jackson-Blake et al., 2016].
4. Results
4.1. Comparison of Model Process-Representation and Complexity
SimplyP has a number of features in common with INCA-P, such as three terrestrial flow paths, a simple split
of P into TDP and PP, and a split of soil P into labile and inactive stores. Many processes included in INCA-P
have however been omitted from SimplyP, the most important P-related ones being: (1) the removal of sea-
sonal variability in soil water TDP concentrations; (2) simplification of quick flow generation, by removing
the process-representation of infiltration excess and saturation excess; (3) extensive simplification of the
sediment-related equations, including removing the process-representation of splash detachment, flow ero-
sion, the transport capacity of quick flow and in-stream entrainment and deposition; (4) controls on ground-
water TDP concentration, which in SimplyP is considered to be constant; (5) simplification of the in-stream
P processes, including removal of the macrophyte and epiphyte biomass equations and of the simulation of
separate P processes in the water column and the streambed.
Another difference is the incorporation of a hydrology model into SimplyP. We see this as a great improve-
ment, removing the need for an external hydrology model and simplifying the calibration procedure, as
water quality simulations are extremely dependent on the hydrology simulation, so time-consuming itera-
tive calibration of separate hydrology and water quality models is often required for good model
performance.
Model complexity is in part reflected by the number of state variables included in the model. For each sub-
catchment/reach, SimplyP has 13 ODEs (supporting information Table 9), plus four for calculating daily in-
stream fluxes from instantaneous fluxes (not present in INCA-P to our knowledge, but required to calculate
volume-weighted daily mean concentrations). This is substantially fewer than INCA-P, despite the fact that
SimplyP includes a hydrology model: INCA-P has 28 ODEs before land use variability is taken into account
and 52 in an equivalent setup to SimplyP with 3 land use classes.
Model complexity is also in part reflected by the number of model parameters. SimplyP parameters are
described in Table 1 and INCA-P parameters in Jackson-Blake et al. [2016]. Both models require a number of
well-constrained parameters which are generally not included in the calibration procedure (e.g., catchment
area, areas of land classes, slopes and reach lengths; described in supporting information Table 10 for Sim-
plyP). Excluding these, the total number of parameters in both models, split by process or type, is summa-
rized in Table 2. SimplyP has 23 parameters that are to some extent unconstrained, 24–27 when spatial
variability between land classes is taken into account. At least eight of these are optional (before taking
Table 2. Comparison of Numbers of Model Parameters Required for SimplyP and INCA-P
Category
INCA-P (Excluding Hydrology
Model Parameters) SimplyP
Total, no spatial variability 138 23
Total, with spatial variability (land class) 146 24–27
Parameters that vary by subcatchment and/or reach 64 1
Not measurable (purely calibrated) 43 4 or 5
Additional parameters held constant over land
use/reach/subcatchment
12 4
Parameters used in the study catchment 48 (additional 45 to simplify the
setup by removing processes)
22
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spatial variability into account), depending on the level of process-representation desired. By comparison,
INCA-P has 146 parameters (assuming one reach and subcatchment, varying three parameters by two land
classes for dissolved P processes and by three classes for soil erodibility for comparability with SimplyP).
The version of INCA-P described in the tests performed here (four reaches with three land classes) involves
around 48 calibrating parameters, which we believe is simple compared to previous applications [e.g., Cross-
man et al., 2013; Jin et al., 2015]. A further 45 parameters were carefully assigned values to help simplify
the model structure and turn certain processes off, leaving around 53 unused parameters.
Only one SimplyP parameter varies by subcatchment or reach, the effluent TDP input, so model complexity
will not increase substantially in larger systems. For INCA-P, 64 parameters may be varied by subcatchment
or reach, resulting in the potential for highly parameterized model setups.
Another important issue is the extent to which model parameters may be informed by data (Table 2).
Around 43 INCA-P parameters are not measurable and must be determined purely through calibration, and
14 are not measurable and yet are thought to exert a key influence on model output [Jackson-Blake et al.,
2016]. This can be problematic for model calibration. Meanwhile, the majority of SimplyP parameters may
be based on measured data or data derived from the literature reviews, and only 4 or 5 must be determined
purely through calibration (Table 1). One of these relates to the sediment simulation, the rest are hydrology
parameters. This is promising, as water quality models are particularly sensitive to hydrology parameters
[Dean et al., 2009; Jackson-Blake and Starrfelt, 2015; van Griensven et al., 2006], so there is a good chance of
these parameters being identifiable. Even in the most complex setup in which all 27 SimplyP parameters
are used, it should therefore be feasible to search the entire parameter space as part of an autocalibration
or uncertainty analysis, provided the user has data to inform the parameter values (Table 1) and sufficient
discharge and water quality observations (including SS, TDP and PP concentrations under the full range of
flow conditions).
4.2. Model Performance in the Tarland Burn
4.2.1. Model Calibration and Validation Results
During the calibration period, discharge performance statistics were slightly better for SimplyP than for
INCA-P (Table 3). This is in part because a snow accumulation and melt routine was included in SimplyP and
not in the simple model used to generate HER input for INCA-P, although this only affects a few winter flow
peaks (Figure 4). Small discharge peaks were also often slightly better simulated by SimplyP, particularly
during base flow, which may not have been the case had a more complex hydrology model been used to
generate input for INCA-P. The models performed similarly for SS, which is noteworthy given the dramati-
cally simpler process-representation in SimplyP. Slightly improved SS performance statistics for SimplyP are
likely to be due to the slightly better discharge simulation. The TP and PP simulations are also similar: out-
put from SimplyP is less biased than output from INCA-P and the distribution of the simulated PP data in
particular is closer to that of the observations (Figure 3). Both variables however have a lower correlation
coefficient than INCA-P output. The story is clearer for the TDP simulation, with SimplyP scoring higher in all
model performance statistics during the calibration period (Table 3), and also producing distributions of
Table 3. Model Performance Statistics in the Calibration and Validation Period
Variable Model
Calibration Validation
na Bias (%) SRb NSc NS (logs)c na Bias (%) SRb NSc NS (logs)c
Q SimplyP 716 0 0.92 0.80 0.81 3213 12 0.87 0.73 0.72
INCA-P 0 0.91 0.73 0.79 12 0.87 0.55 0.72
SS SimplyP 448 26 0.54 0.13 0.10 189 227 0.23 0.13 20.10
INCA-P 216 0.46 0.02 0.34 243 0.31 0.05 0.33
TP SimplyP 428 0 0.25 0.16 20.01 0
INCA-P 214 0.37 0.07 0.13
PP SimplyP 428 23 0.19 0.10 20.27 0
INCA-P 243 0.28 0.01 20.06
TDP SimplyP 449 0 0.41 0.12 0.05 105 211 0.54 0.15 0.22
INCA-P 9 0.34 20.24 20.14 7 0.44 0.10 0.17
aNumber of observations.
bSpearman’s Rank correlation coefficient.
cNash Sutcliffe efficiency of untransformed or logged data. NS are only provided for water quality parameters for comparability with
other studies.
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simulated data that were more comparable to the observations (Figure 3). The slightly improved TDP
dynamics may be related to the better discharge simulation. However, an improvement in simulated TDP is
apparent even during flow events when SimplyP and INCA-P produced comparable discharge simulations
(Figure 4): SimplyP TDP peaks tend to be less broad and more responsive to hydrological inputs, something
which could not be achieved with INCA-P even when the soil water time constants were reduced to below
the values used in SimplyP. The reasons for this are not clear, but could relate to the way the ODEs are for-
mulated or solved in INCA-P (this could not be checked as the code is closed source).
The story is similar during the validation period, when model performance statistics for SimplyP were
slightly better than those for INCA-P for discharge and TDP (aside from a slightly larger bias in TDP), while
SS had lower bias but a smaller correlation coefficient (Table 3). There has been a shift in base flow dis-
charge over time during the validation period (Figure 5), likely due to a change in channel cross section.
Both models therefore over-estimate summer discharge during the first half of the period and under-
estimate it later on. Although TDP performance statistics are slightly better for SimplyP, TDP is somewhat
under-estimated during base flow, something which is less of an issue in INCA-P during the validation
period (Figure 5), and which leads to the slightly larger difference in distributions of observed and simulated
data for SimplyP (Figure 3). This is likely due to differences in the discharge simulation, as SimplyP tends to
simulate slightly higher discharge during base flow, and even small differences in simulated base flow dis-
charge lead to large differences in simulated concentration.
Note that NS coefficients are only reported for water quality variables in Table 3 for comparability with other
studies, and were not used when assessing model performance. Although NS coefficients might suggest sim-
ulations from both models are inadequate, various authors have pointed out problems with using NS as a
measure of model performance [e.g., Jain and Sudheer, 2008; Schaefli and Gupta, 2007] and we have argued
elsewhere that NS is particularly poor for measuring the performance of P models in agricultural catchments,
where NS values above 0.2 are rare unless point sources dominate [Jackson-Blake et al., 2015].
The results presented here constitute a small fraction of the behavior that could be compared between the
two models. However, the indications are that, at least during calibration and testing within similar condi-
tions to the calibration period, SimplyP appears to perform comparably for PP, SS, and TP, and perhaps
slightly outperform INCA-P in terms of discharge and TDP. The two models therefore appear to be as capa-
ble, at least in this catchment, of simulating daily concentrations and discharge. The broader question of
whether either model performs well enough for model output to be useful is a valid one, the answer
depending largely on what the output will be used for and how it is presented. This is discussed further in
Jackson-Blake et al. [2015].
Figure 3. Q-Q plots for the calibration and validation periods. Quantiles of the simulated data are plotted against corresponding quantiles of the observed data; if observed and simu-
lated data are from similar distributions, points will lie close to the 1:1 line. Median and interquartile ranges (IQR) are shown. Units are mg L21 for suspended sediment (SS) and mg L21
for all P species. Note log scales.
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4.2.2. Scenario Analysis
Results from the fertilizer and manure reduction scenarios are shown in Figure 6 in terms of the change in
agricultural soil water EPC0 (the equilibrium TDP concentration of zero sorption) and in-stream mean annual
TDP concentration over the 30 year period. Results from the two models tell the same story: under the base-
line and 25% reduction scenario P is still being added surplus to crop requirements, and so EPC0 continues to
rise, resulting in an increase over time in in-stream TDP concentration during rainfall events and a higher
annual mean. Meanwhile, the 50% and 100% reduction scenarios result in net plant uptake of P from the soil,
gradually depleting the labile P store and causing reductions in simulated EPC0, soil water TDP inputs to the
stream and therefore lower mean annual in-stream TDP concentration. However, there is an important lag in
the time for improvements to be seen, with only small decreases in in-stream TDP concentrations during the
first 5 years of the simulation (less than a 15% reduction compared to the baseline even for the 100% reduc-
tion scenario; data not shown). The full benefits of the measures are only realized by the end of the 30 year
period, the time taken for near full depletion of the labile soil P store.
While terrestrial compartment results were similar for the two models, in-stream TDP results differed
slightly, with a larger effect simulated by INCA-P. This may be because the in-stream TDP peaks simulated
Figure 4. Time series of observed and simulated discharge (Q) and water quality during the calibration period. Note the log scales for SS, PP, and TP.
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by INCA-P are slightly too broad (section 4.2.1), resulting in over-estimation of the influence of agricultural
inputs on mean in-stream TDP concentrations.
The similarity in results does not mean either model is right, but it does show that SimplyP is as capable of
predicting the dynamics of legacy soil P as INCA-P. For both models to produce more robust output, more
long-term soil P data is needed to help constrain the parameterization as well as improved understanding
of how soil P extractability changes at the catchment-scale as soil P stores become depleted. Furthermore,
a potentially important process currently missing from both models is the link between soil P content and
crop uptake of P, as it is unrealistic to expect uptake to be unchanged as soil P stocks become depleted.
SimplyP has been run with just one kind of future scenario here—the effect of changing terrestrial P bal-
ances. However, like INCA, the model can be used to simulate a number of other broad-scale measures.
Being a catchment-scale model, it is particularly suited to looking at the potential impacts of changes in
land use, climate and effluent inputs. The effectiveness of measures aimed at reducing sediment inputs
to the stream may also be simulated through changing the terrestrial erodibility parameters (informed,
for example, by literature on the Universal Soil Loss Equation, Kinnell [2010]) or through the use of a deliv-
ery reduction factor.
5. Discussion and Conclusions
We set out to test the hypothesis that INCA-P is overly complex when applied in a Scottish agricultural
catchment. To do this, a new simple catchment phosphorus model was developed, SimplyP, and model
structure and performance were compared to INCA-P. SimplyP is substantially more streamlined than
INCA-P, with up to 28 parameters, while INCA-P has around 148. Only 4 or 5 SimplyP parameters are
‘‘free,’’ in that they cannot be informed by observations, compared to around 45 for INCA-P. This reduc-
tion in complexity is despite the fact that SimplyP includes a rainfall-runoff module, while INCA-P relies
on output from an external hydrology model (not included in this comparison of complexity). In the
study catchment, both models performed similarly during calibration and validation. Both models also pro-
duced similar results in a scenario assessment, with identical implications for diffuse pollution mitigation and
Figure 5. Time series of observed and simulated discharge (Q) and water quality during the validation period. Note the log scales for SS, PP, and TP.
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decision support. Results
therefore support the
hypothesis that INCA-P is
overly complex in the study
catchment.
Although limited to just one
study site, P dynamics in the
study catchment are con-
trolled by similar processes to
those operating in the major-
ity of temperate regions, with
a mixture of land uses, hydro-
logical flow paths, and P
inputs from both agriculture
and sewage. This result is
therefore likely to be transfer-
able to other study areas. In
addition, INCA-P is similar in
complexity and structure to
other popular catchment
water quality models, so
this conclusion is likely to
apply to other models and
water quality variables.
Results are consistent with
long-established theory and
recent thinking in catchment science [e.g., Kirchner, 2006; Sivapalan, 2006], and provide further support
for the idea that a more parsimonious approach to simulating catchment water quality is warranted.
Overall, there are strong arguments, backed up by the findings presented here, that the current generation
of catchment-scale, dynamic water quality models are too complex. This complexity has likely been driven
by two factors. First, there has been a desire to include process-understanding and data derived from plot-
scale studies. However, nonlinearities between small-scale and catchment-scale processes mean up-scaling
is often inappropriate [e.g., Kirchner, 2006; Oreskes and Belitz, 2001]; catchment-scale responses are often
simpler than might be anticipated from detailed process knowledge [Sivapalan, 2005]. We therefore need a
better understanding of catchment-scale behavior, requiring more comprehensive spatially distributed data
collection across catchments as well as high frequency monitoring of watercourses. Technological improve-
ments in remote sensing and in-stream sensors are beginning to yield exciting new data, but more effort is
needed to constrain soil water, groundwater and effluent chemistry, and to determine longer-term trends
in soil and groundwater chemistry, especially in response to changes in land management and climate. Sec-
ond, there has been a desire to make models versatile and widely applicable, aiming for ‘‘one-size-fits-all’’
models. This has helped us think about the variety of processes that could operate in different areas, but for
any given study area is likely to result in overly complex models. Balancing the demands of model realism
and parsimony remains a significant challenge, and resolving the tension between the two can only be
achieved by assessing the performance of models with different structures [e.g., Fenicia et al., 2006], prefera-
bly within statistical model comparison frameworks [e.g., Spiegelhalter et al., 2002]. For this, community-
based modular model frameworks offer perhaps the best hope for the future [e.g., Mooij et al., 2010; Robson,
2014].
The initial aim in developing SimplyP was a proof-of-concept that simple can be as good as complex. How-
ever, we believe that SimplyP also has the potential to fill an important gap, attempting to be both process-
based and dynamic, maintaining a spatially semidistributed setup, differentiating between soluble and par-
ticulate P phases, incorporating hydrology and a variety of flow paths, and yet having far fewer parameters
than other popular water quality models. SimplyP also retains sufficient complexity to be used to investi-
gate scenarios relevant for research, policy and land management. It was markedly quicker (and therefore
Figure 6. Simulated changes over a 30 year period in (a) agricultural soil water EPC0 (the equi-
librium phosphorus concentration, closely linked to soil water TDP concentration), and (b) in-
stream mean TDP concentration. Results are shown for baseline ‘‘business as usual’’ inputs and
for three fertilizer and manure reduction scenarios.
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cheaper) to set up and calibrate than INCA-P, and it should be feasible to include all parameters in an auto-
calibration/uncertainty analysis procedure, and therefore in a formal model comparison framework. The
fact that most parameters are physically meaningful is also likely to help with generalization and transfer-
ability to other (perhaps more data-poor) areas [Sivapalan, 2005]. At a more fundamental level, the reduc-
tion in the number of parameters should make validation exercises more effective for diagnosing structural
problems with the model, as model behavior becomes less dependent on parameter tuning and more on
model structure. This in turn means that the simpler model should be more useful for testing hypotheses
about system behavior [Kirchner, 2006]. The hope is therefore that SimplyP could provide a benchmark
when choosing between different models, a building block for future model development, or, given its
advantages over more complex models, be a useful tool in its own right (prototype code is freely available,
see section 3.2).
For SimplyP to become a robust tool in its own right, a number of further developments are recommended.
The first priority is for more testing in a range of contrasting study sites, to establish whether any of the
extra processes available in more complex models are required in certain areas. Additional potential model
improvements are summarized in the supporting information (section 5 and Table 12). Many of these sug-
gestions involve an increase in complexity, and would need to be justified by demonstrating improved
model performance in validation.
Overall, we hope that the model development and simple comparison exercise presented here will help
prompt wider model comparison and simplification, and more generally encourage debate among the
water quality modeling community as to whether today’s models are appropriate and fit for purpose.
Supporting Information References
The description of SimplyP in the supporting information cites many additional studies, reproduced here in
the main text to ensure they are indexed, included in citation records, and given appropriate credit [Bowes
et al., 2005; Chapra, 2008; Clark and Kavetski, 2010; Croke et al., 2006; Dari et al., 2015; Domagalski and John-
son, 2011; Fenicia et al., 2011; Gan and Luo, 2013; Hindmarsh, 1983; Holman et al., 2008; House, 2003; Jarvie
et al., 2013a; Jarvie et al., 2013b; Jordan-Meille et al., 2012; Kavetski and Clark, 2011; Kavetski et al., 2006a;
Kavetski et al., 2006b; Kleinman et al., 2011; Lefranc¸ois et al., 2007; Leopold and Maddock 1953; Luo et al.,
2012; Menzel, 1980; Merritt et al., 2003; Neal and Jarvie, 2005; Oeurng et al., 2010; Radcliffe and Cabrera, 2006;
Ratliff et al., 1983; Renard et al., 1991; Sample, 2015; Sharpley et al., 2013; Stollenwerk, 1996; Stutter et al.,
2010; Stutter et al., 2009; Trimble, 2010; Twarakavi et al., 2009; Wischmeier and Smith, 1965; Wischmeier and
Smith, 1978, Wittenberg, 1999; Wolman et al., 1964].
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